Purpose: Accurate three-dimensional (3D) segmentation of myocardial replacement fibrosis (i.e., scar) is emerging as a potentially valuable tool for risk stratification and procedural planning in patients with ischemic cardiomyopathy. The main purpose of this study was to develop a semiautomated method using a 3D convolutional neural network (CNN)-based for the segmentation of left ventricle (LV) myocardial scar from 3D late gadolinium enhancement magnetic resonance (LGE-MR) images. Methods: Our proposed CNN is built upon several convolutional and pooling layers aimed at choosing appropriate features from LGE-MR images to distinguish between myocardial scar and healthy tissues of the left ventricle. In contrast to previous methods that consider image intensity as the sole feature, CNN-based algorithms have the potential to improve the accuracy of scar segmentation through the creation of unconventional features that separate scar from normal myocardium in the feature space. The first step of our pipeline was to manually delineate the left ventricular myocardium, which was used as the region of interest for scar segmentation. Our developed algorithm was trained using 265,220 volume patches extracted from ten 3D LGE-MR images, then was validated on 450,454 patches from a testing dataset of 24 3D LGE-MR images, all obtained from patients with chronic myocardial infarction. We evaluated our method in the context of several alternative methods by comparing algorithm-generated segmentations to manual delineations performed by experts. Results: Our CNN-based method reported an average Dice similarity coefficient (DSC) and Jaccard Index (JI) of 93.63% AE 2.6% and 88.13% AE 4.70%. In comparison to several previous methods, including K-nearest neighbor (KNN), hierarchical max flow (HMF), full width at half maximum (FWHM), and signal threshold to reference mean (STRM), the developed algorithm reported significantly higher accuracy for DSC with a P-value less than 0.0001. Conclusions: Our experimental results demonstrated that our CNN-based proposed method yielded the highest accuracy of all contemporary LV myocardial scar segmentation methodologies, inclusive of the most widely used signal intensity-based methods, such as FWHM and STRM. To our knowledge, this is the first description of LV myocardial scar tissue segmentation from 3D LGE-MR images using a CNN-based method.
INTRODUCTION
Replacement myocardial fibrosis or "scar" is a recognized substrate for the development of malignant ventricular arrhythmias and is a dominant cause of sudden cardiac death in the population. 1 The most common mechanism of scar formation in the heart is from myocardial infarction (MI), an irreversible death of muscle cells related to blockage of a coronary artery. Following this injury, patients are at elevated subsequent risk for re-entrant-type ventricular arrhythmias due to myocardial scar 2 ; a risk that may be managed through device therapy (implantable cardiac defibrillator) or catheter ablation of scar-related re-entrant circuits. Patient selection and delivery of such therapies may be improved through individualized, noninvasive modeling of this arrhythmia substrate. 3 In particular, computational modeling of hearts with ischemic cardiomyopathy has emerged as a promising tool to guide patient-specific diagnosis and the treatment of associated rhythm disorders. 4, 5 To accurately represent patient-specific structural remodeling, computational models must incorporate accurate reconstructions of left ventricular (LV) scar geometry. [6] [7] [8] Two-dimensional late gadolinium enhancement magnetic resonance (2D LGE-MR) imaging has been established as the reference standard imaging tool for the identification and quantification of myocardial scar in clinical practice. 9 Using 2D LGE-MR techniques, each image slice is acquired sequentially and the voxel size is anisotropic and large in the long axis direction. However, computational models of the heart need to incorporate high-resolution reconstructions of scar geometry to resolve the electrical activation front. 10 Due to recent advancements in imaging physics, 3D LGE-MRI has emerged as an alternative which provides isotropic and higher spatial resolution, enabling more accurate spatial reconstruction of scar geometry. 11, 12 Moreover, free-breathing 3D whole-heart LGE imaging technique may reduce the image acquisition time in comparison with the breath holds 2D imaging. 13 However, segmentation of scar from 3D LGE-MR images is a challenging and tedious task, due to the large size of the image dataset. Therefore, automated image analysis techniques are critical to migrate this into clinical practice.
Myocardial scar may form in both left ventricles and atria of the heart. However as compared to segmentation of scar in LV, segmentations of scar in left atrium (LA) is a more challenging task due to multiple factors including the thinner walls of the LA wall, more complicated geometry, contrast variation due to inversion time, signal-to-noise ratio, motion blurring, and artefacts. 14 In this study, our focus is on determining the boundary of myocardial scar in LV from LGE-MRI. While alternative noncontrast techniques for the detection and spatial modeling of scar are being explored, such as the use of cine cardiac MR images to provide surrogates of scar distribution using feature learning, 15 these techniques for LGE-MRI require further development and validation. Therefore, 3D LGE-based segmentation remains a leading focus for the guidance of procedures where scar extent and its volumetric distribution are of primary interest.
Most of the previous studies developed for semiautomated segmentation of scar from presegmented myocardium in 2D or 3D LGE-MR images were based on image intensity thresholding-based methods, including full width at half maximum (FWHM), signal threshold to reference mean (STRM), and region growing (RG). The FWHM method considers myocardial scar as the reference tissue region, defining all tissue that exceeds half of its maximal signal intensity as scar. 16 In the STRM approach, the normal (i.e., remote) myocardium is considered the reference tissue with scar defined according to its mean value plus two (STRM2), three (STRM3), four (STRM4), five (STRM5), or six (STRM6) standard deviations. 17 The RG method is a greedy algorithm, where some initial seeds are chosen by the user and their neighboring pixels are examined for eligibility to be added to the region. 18 These types of scar segmentation methods, based solely on image intensity thresholding, are highly influenced by image noise. 19 Furthermore, these methods are subject to high interoperator variability due to the expert input required to choose the maximum intensity, remote myocardium and initial seed point for FWHM, STRM, and RG methods, respectively. There are also several energy minimization methods that have been developed for scar segmentation. Ukwatta et al. 20 proposed a method for scar segmentation as a continuous min-cut optimization problem and solved it using the dual formulation of the problem, called the continuous max flow. Y. Lu et al. proposed a graph cuts-based method for myocardial infarct segmentation. 19 Both these methods use image intensity-based criteria as the data term in the segmentation. Rajchl et al. 21 described an interactive method based on hierarchical max flow (HMF) for segmenting scar in LV myocardium, which used intensity log-likelihood criteria as the data term. Although the method does not need manually presegmented myocardial borders, it required about 7 min of expert time to interactively segment LV myocardial scar, 22 which is subject to high-operator variability.
In this work, we propose a semiautomated method based on convolutional neural network (CNN) to segment LV myocardial scar from 3D LGE-MR images. Using our proposed CNN approach features are automatically identified that best contribute to the successful completion of a segmentation task using associations that may not be intuitive to humans. To our knowledge, this is the first application of CNN to the segmentation of scar in 3D LGE-MR images. Preliminary results of this work have been published in a previous conference paper. 23 Our approach is substantially different from this previously published work as it includes the use of a 3D CNN approach, a substantially larger dataset and provides a comparison to alternative methods. Previous studies by other investigators have shown that CNN-based methods outperform conventional image analysis techniques for segmentation problems across a variety of organs, such as brain tumours, 24 ,25 other brain structures, 26 liver lesions, 27 pulmonary nodules, 28 and multiorgan segmentation applied to the normal whole body (MRI). 29 We, therefore, anticipate expansion of this paradigm across a variety of cardiovascular applications.
MATERIALS AND METHODS
In this research work, we performed a binary classification with two possible labels including scar and healthy tissue. We used a 3D CNN-based approach to segment LV myocardial scar from 3D LGE-MR images. Figure 1 shows an overview of the developed approach. For each 3D LGE-MR image, the myocardial boundary of the LV and the scar were manually segmented separately by an expert using a 3D brush in a multiplanar view in ITK-SNAP Software. 30 The segmentation of myocardium requires about 54 min of expert time, while segmentation of scar needs 42 min. 21 The presegmented myocardium was considered as a region of interest and the myocardial scar was segmented from this region. The dataset was then divided into a training set (N = 10) and a testing set (N = 24). We have varied the number of training images and experimentally observed that the performance of the algorithm did not substantially change after 10 training datasets. This way we did not further increase the size of the training dataset, as we also aimed to maximize the number of testing images from the entire dataset to make our validation of the algorithm more robust. The images were then normalized and denoised to enhance the contrast of the image. During the supervised training phase, volume patches of the training set were up-sampled until the number of samples in both classes became equal. Then the training samples were introduced to the CNN to learn the image characteristics of scarred versus nonscarred myocardium. We reserved 20% of the training datasets (2 cases) for validation purposes. Extracted patches from each image were passed to the training model to be labeled as scar or healthy tissue. A segmentation map was then created from the predicted labels of each image and compared with the corresponding expert manual segmentation for network parameter adjustment. During the testing phase, the trained CNN model was applied to the unobserved volume patches extracted from the test set to be labeled as scar or healthy tissue. Thus, the input and output of the trained model was a volume patch extracted from a 3D
LGE-MR images and a label, scar or healthy tissue, respectively. A segmentation map was then created from those labels and compared with the corresponding manual segmentation to evaluate the accuracy of the proposed method for myocardial scar segmentation.
2.A. Study subjects and image acquisition
Our study consisted of 34 subjects selected from patients with known chronic ischemic cardiomyopathy. By definition, these patients were a minimum of 3 months from any clinically recognized acute coronary syndrome. Therefore, all myocardial scar visualized by LGE imaging was reasonably assumed to be "mature" (i.e., healed). All subjects provided written informed consent and the study protocol was approved by the Research Ethics Board at Western University. All subjects underwent a standardized imaging protocol inclusive of cine imaging, contrast-enhanced coronary MRI and post-contrast 3D LGE at Robarts Research Institute (ON, Canada). The latter two image datasets were acquired using whole-heart, respiratory navigated, 3-D inversion-recovery gradient echo pulse sequence performed during and 30 min following infusion of 0.2 mmol/kg Gadovist (Bayer, Toronto, ON, Canada), as previously described. 31 The voxel size of the acquired images was 0.625 mm 9 0.625 mm 9 1.3 mm. Table I describes imaging hardware and pulse sequence parameters.
Characteristics of the 34 patients, all completing the imaging protocol, are shown in Table II . The mean age of the population was 51.5 AE 12.6 years with the mean heart rate and left ventricle ejection fraction being 67.1 AE 11.2 beats per minute and 32.1% AE 12.7%, respectively. The mean total scar volume for the entire population, calculated from manual 3D segmentation, was 25.57 AE 16.45 ml (range 2.36-59.87 ml).
2.B. Volume patch extraction and augmentation
We first applied contrast stretching to the images by normalizing the range of voxel intensity values between 0 and 255. A median filter of size 3 9 3 was then used to remove noise in the image. Finally, the 3D images were downsampled in all three directions by a factor of two to reduce image size, because creating volume patch around each voxel in the original image required more than 5 h of computational time. To investigate the effects of the downsampling on the segmentation accuracy, the CNN was trained using a small subset of training dataset, where volume patches were extracted from the original image. We observed that the segmentation accuracy of the test set was approximately the same for both cases.
In this paper, segmentation is essentially a classification of each voxel into a binary assignment of scar or normal myocardium. 32 A volume patch was extracted around each voxel in a sliding window fashion and was then labeled according to its ratio of scar to healthy voxels in the corresponding volume patch extracted from manually segmented image. If the ratio of scar to healthy voxel was equal or greater than 0.5, the volume patch was labeled as scar. We extracted a volume patch around each voxel if the voxel was located within the myocardium. The volume patches were then used to train the CNN-based model in the training phase. In patch-based segmentation, choosing a proper size for patch and stride is very important. We chose the patch size based on the size, position, and orientation of the segmented target area. Since the shape of myocardial scar in the LV is highly heterogeneous choosing small size of volume patch helps to reconstruct the segmented image from the predicted classes more precisely, especially at the edges. However, there are factors, which limit the minimum possible size of these patches as each should be large enough to enclose sufficient information (i.e., patterns) to enable the classifier to distinguish between scar and healthy structures. In our experiments, we witnessed that extracting volume patches of size 4 9 4 9 4 yields the best results for LV scar segmentation from 3D LGE-MR images. We selected the stride of one voxel for patch extraction. Consequently, there was an overlap between adjacent volume patches in the training set.
Since scar comprises only a small fraction of the myocardium in a majority of the images, the number of volume patches labeled as scar was substantially less than the number of volume patches labeled as normal myocardium, leading to class imbalance in the training dataset. To have an approximately equal number of volume patches in both classes the data of under-represented class (i.e., scar) in the training phase was oversampled by reproducing volume patches labeled as scar and augmented to the training dataset. 33, 34 A total of 265,220 labeled patches extracted from ten 3D LGE-MR training images were used for supervised training of the CNN. During the testing phase, 450,454 volume patches were extracted from the total 3D LGE-MR test images and applied to the CNN to investigate its performance for LV myocardial scar segmentation. The average number of volume patches derived from each test image was 18769 AE 6661 depending on the test image size.
2.C. Architecture of CNN
For CNN design, we applied a growing approach, where a simple CNN including a convolutional layer along with a fully connected network with one hidden layer of 32 nodes was trained. To gradually improve the accuracy of scar segmentation, some layers were incrementally added and the parameters were tuned manually to achieve higher accuracy in myocardial scar segmentation. Figure 2 shows the architecture of the proposed CNN, which is made up of three convolutional layers with a different number of kernels in each layer along with two pooling layers followed by a fully connected (FC) layer. The corresponding size and number of kernels in convolutional layers along with the size of pooling layers and number of nodes in the FC layer are shown in Table III .
The first layer of our proposed CNN architecture was a convolutional layer with 64 kernels of size 2 9 2 9 2 voxels. The kernels were linearly convolved with the volume patches with the stride of size one to produce feature maps. The size of the feature map was a function of zero-padding, kernel size, and stride and the number of feature map was equal to the number of kernels. Two other convolutional layers with the same size of the kernel were used after the first layer, where the number of kernels was increased to 128 and 256, respectively. We performed zero-padding in each layer to retain the original size of volume patches and avoid losing information at the edges.
We used an activation layer after each convolutional layer to increase the nonlinearity properties of the decision function. This layer alters the values of the feature maps, but the size of the feature map stays constant. Available activation functions in our selected open source neural network library, Keras, were softmax, exponential linear unit, scaled exponential linear unit, rectified linear unit (ReLU), softplus, softsign, hyperbolic tangent (tanh), sigmoid, hard-sigmoid, and linear. Here, ReLU f ðxÞ ¼ maxð0; xÞ
was used as an activation function after convolutional layer, where x is the input to a neuron. The ReLU activation function is zero when x < 0 and then linear with slope of 1 when x > 0. We chose ReLU function, as it leads to faster and more straightforward in implementation than training the equivalent model with tanh function. 35 After the second and third convolutional and activation layers, pooling layer of size 2 9 2 92 voxels was added to compute the maximum value of eight output nodes of the convolutional layer. The advantage of this layer is that it makes the model less sensitive to the local translation. Additionally, it yields a simpler model through downsampling, which reduces the computational complexity of the next set of layers. 36 In spite of the convolutional layer, where neurons are connected to a local region in the input, in FC layer neurons are fully connected to all activations in the previous layer. In fact, this layer is identical to a regular multilayer perceptron, which typically consists of an input layer, one or more hidden layers and an output layer. Our CNN was configured using a two-layer perceptron including one hidden and one output layer with 128 and 2 nodes, respectively.
In this research work, softmax was used as an activation function after the FC layer. The softmax function is a generalization form of logistic regression and is defined as 37 :
where z and j represent input vector and the number of possible classes respectively. The output of this function is considered as a categorical distribution over different possible classes. The softmax function highlights the largest values while it suppresses values that are significantly smaller than the maximum value. We optimized the weights of the CNN using gradient descent method, which is one of the most widely used algorithms for optimization, particularly in neural networks. This method uses backpropagation for calculating gradient of the loss function, which defines the cost incurred for an error in prediction. When the class label of a sample needs to be determined by the CNN, the difference between the predicted class label by the CNN and its expected class label is computed in the backpropagation step. 38 To perform optimization, an adaptive learning rate method called AdaDelta was used, which does not require manual tuning of a learning rate and is robust to noisy gradient information, differences in CNN architecture, various data modalities, and selection of hyper-parameters. 39 We used categorical cross-entropy as a loss function to train the CNN because it is a more granular way for error computation. In spite of classification error or mean squared error, in cross-entropy the closeness of the computed output to its expected output takes into account.
To maintain a low generalization error in our CNN model, we used techniques, such as dataset augmentation as explained in the previous section, early stopping and Dropout as a regularization strategy. 37 We terminated the training procedure early (50 epochs) to avoid overfitting and keep the train and test errors close to each other. The key idea in Dropout technique is to randomly drop some units along with their connections from neural network in training phase. 40 In this way, we form many numbers of thinned networks to be trained. During the testing phase, we obtained the average of all thinned networks' predictions using a single unthinned network with smaller weights. Moreover, by nature, an extensive parameter sharing occurs in CNN, which means that in the CNN, each kernel in the convolutional layer is used at every position of the input. Thus, rather than learning a separate set of parameters for every location, we learn only one set. Parameter sharing not only regularizes the parameters but also leads to a significant reduction in the required memory by storing only a subset of the parameters. 37 To understand the relative influence of each layer for our CNN model on its accuracy of segmentation, we conducted layer-by-layer ablation, in which some layers were removed, and performance of the network revaluated. Table IV shows the obtained DSCs on the test dataset for each observation, where the removed layer is indicated with a star symbol. It is apparent that removing a single or a combination of layers leads to a drop in accuracy of the network for myocardial scar segmentation.
We implemented the CNN in Python using Keras library, which is built on top of Theano. The network was trained for 50 epochs on the shared hierarchical academic research computing network (SHARCNET) of Canada, which is a high-performance computing cluster for research. Training the CNN required approximately 124 min. Using our developed CNN model, the average time required for segmenting scar tissue from a 3D LGE-MR image is 79.29 AE 19.64 s. This will be in addition to the approximately 54 min of expert user time required for manual segmentation of the LV myocardium.
2.D. Testing phase
Testing phase contained three main steps: (a) image preprocessing and volume patch extraction, (b) patch labeling, and (c) 3D binary image reconstruction using assigned labels. The image was normalized to the range of voxel intensity values between 0 and 255 and then a median filter of size 3 9 3 was applied to remove the image noise. The image was then down-sampled by the factor of two to reduce the image size. A volume patch of size 4 9 4 9 4 was extracted around each voxel in a sliding window fashion with the stride of one and passed to the trained CNN to be labeled as a myocardial scar or healthy tissue. Since we used the softmax function in the proposed CNN, the output label of CNN for each patch was one or zero for myocardial scar or healthy tissue. Each pixel in the test image was replaced by its corresponding label and the binary 3D image was then compared with the manual ground truth for evaluation purpose.
2.E. Comparison with previously reported techniques
In order to provide a comprehensive evaluation of the proposed method, we compared the results of several alternative methods to manual segmentations. In particular, we applied K-nearest neighbor (KNN, where K = 7) as another machine learning technique, HMF as an energy minimization method and several intensity thresholding-based methods, including FWHM and STRM to the same dataset. We chose FWHM and STRM as those methods have been widely used in clinical studies. 16, 17 
2.F. Evaluation metrics for segmentation
We used region-based and volume-based metrics to evaluate of the accuracy of algorithm-generated segmentations of the scar geometry. For region-based methods, we used the Dice similarity coefficient (DSC) and the Jaccard index (JI). The DSC measures the spatial overlap of the algorithm-generated boundary and manual segmentation by the expert and is defined as follow:
where A and M denote algorithm and manually segmented regions. Similarly, JI, 
was reported as a measure of similarity between algorithm and manual segmentation using equation 4. As volume-based metrics, we used absolute volume difference (AVD) and normalized absolute volume difference (NAVD).
V A is the volume of the scar determined by the algorithm and V M is the volume of the manually segmented scar. We also used Bland-Altman plots to analyze the agreement between the volumes of scar determined by several methods for scar segmentation and manually segmentation.
To investigate the statistical significant differences between the algorithm-generated and manually generated measurements, the Wilcoxon signed rank test was used with a 5% level of significance. This statistical test was chosen because a normal distribution for the sample population cannot be assumed.
RESULTS

Example results of CNN-based scar segmentation for 3D
LGE-MR images from three patients are shown in Fig. 3 . Volume rendered images are presented in an anterior-posterior projection to demonstrate a large MI of the anterior wall and apical segments, consistent with the vascular territory of the left anterior descending artery. Visually, the algorithmgenerated boundaries closely match the boundaries of manual expert delineations. In order to provide a quantitative evaluation of the proposed method, the accuracy of segmentation using the trained model was evaluated on a test dataset of 24 3D LGE-MR images. Our developed method yielded an average DSC and JI of 93.63% AE 2.61% and 88.13% AE 4.70% as the accuracy of segmentation versus manually expert segmented images. The CNN-based technique reported a mean AVD and NAVD of 2.08 AE 1.81 ml and 16.71% AE 14.31%.
We also compared the results of our method to that of several previous methods, including K-nearest neighbors FIG. 3 . Exemplary results of segmented scar tissue from 3D late gadolinium enhancement magnetic resonance (LGE-MR) image of three patients. In the first column, the expert manual segmentation of the scar for one slice extracted from 3D LGE-MRI is shown in yellow, and the contours computed by the convolutional neural network (CNN)-based method are displayed in cyan. The second and third columns depict expert manual segmentation of myocardial scar and the CNN generated scar region, respectively. [Color figure can be viewed at wileyonlinelibrary.com] Fig. 4 for a single 3D LGE-MR image. Three orthogonal slice views of the original image along with the manual segmentation of scar are illustrated on the first row and segmented images obtained using CNN, KNN, HMF, FWHM, STRM + 2SD, STRM + 3SD, STRM + 4SD, STRM + 5SD, and STRM + 6SD are shown in the corresponding row. It can be seen that FWHM, STRM + 5SD, and STRM + 6SD methods underestimated scar volume. In contrast, HMF, KNN, STRM + 2SD, STRM + 3SD, and STRM + 4SD methods overestimated scar volume. These results showed that our method yielded higher accuracy for segmentation.
Summary of the results of quantitative evaluation for the developed algorithm is shown in Table V . The highest DSC and lowest AVD achieved were obtained using the CNN technique (93.63% AE 2.6% and 2.08 AE 1.81 ml). The next best DSC was achieved using the KNN technique (77.85% AE 5.01%), whereas the HMF technique reported a lower error with regard to AVD (3.45 AE 2.85 ml).
To visualize the distance-based accuracy of employed algorithms for myocardial scar segmentation, the output of the segmentation results of CNN, HMF, and STRM + 4SD, which reported the highest DSC for each group of methods were selected. Euclidean distance between each vertex of algorithm-generated scar tissue and closest vertices of manual scar tissue was computed. The color-coded map was then generated from the mean distance error between the two surfaces. Figure 5 shows the segmentation error between surfaces generated from label maps of CNN, HMF, and STRM + 4SD and the expert manual delineations for an example patient image. The color-coded map indicates that as compared to color-code maps for other methods, the CNN method has smaller distance errors.
The Wilcoxon signed rank test was conducted to assess the statistical significant difference between the algorithmgenerated and manually segmented scar volumes. As shown in Table VI , the P-value is larger than 0.05 for the CNN, KNN, FWHM, and STRM + 4SD, which indicates weak evidence against the null hypothesis. Therefore, we fail to reject the null hypothesis at the 0.05% significance level and one can say that the mean volume of segmented scar obtained using CNN, KNN, FWHM, and STRM + 4SD methods is not significantly different from manually segmented scar volume.
We performed Wilcoxon signed rank test on DSC obtained from different segmentation methods using the testing dataset of 24 3D LGE-MR images. The median value of DSC produced by CNN was compared pair-wise with that generated by KNN, HMF, FWHM, STRM + 2SD, STRM + 3SD, FIG. 4 . Exemplary results of 3D scar segmentation methods applied for an example 3D late gadolinium enhancement magnetic resonance image, presented in orthogonal views (Column 1-3) and using a surface rendering. In these images, expert manual delineation of the myocardium is shown in red, the segmented scar computed by respective methods is displayed in white. Results of each method are shown in the corresponding row. [Color figure can be viewed at wileyonlinelib rary.com] STRM + 4SD, STRM + 5SD, and STRM + 6SD and the pvalue was computed in each case. In this test, the alternative hypothesis was that the performance of CNN is higher than that of either KNN, HMF, FWHM, or STRM for segmenting myocardium scar from 3D LGE-MR images. The computed p-value in all cases were <0.0001. Therefore, the null hypothesis was rejected, which indicated that the developed CNN-based method significantly outperformed other previous techniques. The results of statistical tests further demonstrated that, as compared to other methods, CNN is more accurate and precise in segmenting the LV myocardial scar.
To investigate agreement between algorithm-generated and manually determined scar volumes, we used a BlandAltman plot, which graphs the mean difference of measured scar volume versus manual scar volume and constructs limits of agreement. 41 From the nine methods, we chose the best methods in each category based on the order of ranking in accuracy of segmentation in terms of AVD. Figure 6 shows the Bland-Altman plots for CNN, HMF, STRM + 4SD versus manual scar volume, respectively. The solid dark blue line, upper and lower dashed lines represent the mean value of the difference, the upper and lower limits of agreement, respectively. The smallest range for the limits of agreement was reported for the CNN method.
The mean of scar volume difference (V A -V M ) between CNN, HMF, and STRM + 4SD techniques versus expert manually segmentation were 0.76, 2.45, and 2.55 ml, respectively. As bias values were all positive, each method was felt to slightly overestimate total scar volume. This overestimation of volume may reflect incorrect labeling of tissue regions with high intensity as scar, which are not visually labeled as scar by the expert.
DISCUSSION
In this paper, we described a novel, semiautomated methodology for 3D segmentation of LV myocardial scar from 3D LGE-MR images using a deep neural network based on 3D CNN, a model that yields hierarchies of features through training voxels-to-voxels. Our experimental results demonstrated that our method, as compared to other alternative techniques, yielded the highest accuracy for the tested evaluation metrics including DSC, JI, and AVD. To our knowledge, this is the first description of LV myocardial scar tissue segmentation from 3D LGE-MR images using a CNNbased method.
The potential for machine learning-based segmentation of 3D LGE-MR to impact patient care is rapidly expanding. However, this task is quite challenging due to a large variability of cardiac structures across patients, complexity in segmenting the apical and basal slice images that have similar intensity profile with that of surrounding structures, image noise and artifacts, and poor image contrast at the boundary layers. 42, 43 Numerous studies have validated the potential of 3D LGE data to provide meaningful insights into scar architecture for the purpose of modeling ventricular arrhythmia, 6, 44 and in guiding invasive cardiac procedures aimed at targeting [45] [46] [47] or avoiding 48 myocardial scar to improve patient outcomes. Given immediate capacity for segmented datasets to be fused to live fluoroscopic images, 49 ,50 a paradigm of image-guided personalized therapeutics is emerging. Further, the work described in this sentinel study provides new opportunities to pursue rapid, standardized scar quantification for risk stratification in patients with ischemic cardiomyopathy, a field strongly justified by expanding publications from 2D
LGE data. [1] [2] [3] In designing our method, we needed to address several relevant challenges. As the scar tissue was a relatively small region of the global myocardium, the number of extracted patches with the label of scar was less than patches with a healthy label, causing class imbalance in the training dataset. To improve the performance of the CNN-based network the under-represented data were augmented artificially. 34 Although we could have randomly discarded some volume patches in the healthy tissue class, it was preferred to artificially increase the number of training samples due to the limited number of images in the training set. The CNN was built over convolutional and pooling layers with small sizes to allow for deeper architectures while reducing computational complexity. Our deep network was prone to overfitting because of having millions of trainable parameters. Accordingly, parameters were adjusted experimentally, and some regularization strategies were employed to avoid overfitting. We compared the performance of the proposed algorithm with KNN, HMF, and several signal intensity thresholdingbased methods including the FWHM and STRM approaches, which are widely employed in the literature due to their efficiency and ease of use. Compared to these methods, the CNN-based method does not rely on expert input for initialization, the primary source of variability for such techniques. We evaluated the mean values of DSC and AVD for all methods to estimate the accuracy of segmentation versus expert delineation and identified that CNN not only reported the highest DSC and the lowest AVD on average but also the lowest standard deviation. Accordingly, it was demonstrated that a CNN-based algorithm improves both accuracy and reproducibility in segmenting scar. Furthermore, the required time for delineating scar from presegmented myocardium does not exceed 2 min on a regular PC with an Intel i7 processor.
One of the main limitations of our proposed method is the requirement for manual delineation of the myocardial boundaries of the LV. Some emerging applications in cardiology, such as computational modeling of cardiac electrophysiology require fully segmented LV myocardium along with scar geometry. In such an application, when LV myocardium is already segmented our proposed method is useful in obtaining an accurate segmentation of the scar geometry. As future work, we aim to fully automate the scar segmentation by combining atlas-based LV segmentation methods with deep learning-based techniques.
Based on the currently restricted availability of 3D LGE-MR imaging in patients with ICM, we were restricted to a relatively small dataset upon which to train and validate our model. Additionally, while characterizing scar heterogeneity is of interest for ventricular tachycardia risk assessment in post-MI patients, there is no consensus on how to define border zone and infarct core on these uniquely high-resolution datasets. Accordingly, further work is required to develop and validate the role of multi-threshold scar segmentation using these images.
CONCLUSION
In conclusion, we described a novel deep learning-based method for the segmentation of LV myocardial scar from 3D
LGE-MR images. Our results confirm that CNN-based techniques can perform accurate and automated segmentation of myocardial scar from these datasets relative to expert manual segmentation. To our knowledge, deep learning-based methods for myocardial scar segmentation from 3D LGE-MR images have not been previously described.
